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Abstract 1 

Wearable technologies offer powerful means for objectively and accurately assessing 2 

symptom severity, disease progression, and medication efficacy in Parkinson’s disease over 3 

extended periods. Despite their potential, real-world deployment for long-term monitoring 4 

remains challenging due to the absence of a ground truth and variability introduced by 5 

everyday activities, which obscure the extraction and interpretation of clinically meaningful 6 

digital biomarkers. In this study, we introduce a novel approach for characterizing rest tremor 7 

fluctuations in the context of the Personalized Parkinson Project, an initiative aimed to unveil 8 

disease characteristics through longitudinal monitoring. The proposed method is validated 9 

against clinical scores in a large cohort (N = 477 at baseline; N = 418 at one-year follow-up) 10 

and applied to quantify rest tremor variability across three patient groups: those not taking 11 

medication, those unresponsive to levodopa, and those responsive to levodopa. We then 12 

introduce a novel metric to capture the strength of repetitive tremor fluctuations, which 13 

shows a significant correlation with the levodopa equivalent daily dose (LEDD) in patients 14 

experiencing motor complications. This relationship between rest tremor dynamics, off-state 15 

clinical scores, and medication variables—captured during passive monitoring—offers a 16 

promising tool for improving clinical decision-making and disease management in Parkinson’s 17 

care. 18 
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Introduction 1 

Parkinson’s disease (PD) is the fastest-growing neurological disorder [Dorsey et al., 2018; Ou 2 

et al., 2021], characterized by a range of motor symptoms — such as tremor, bradykinesia, 3 

and rigidity — as well as non-motor symptoms including depression, anxiety, sleep 4 

disturbances, and cognitive decline [Bloem et al., 2021]. Currently, diagnosis and long-term 5 

monitoring rely on clinic-based assessments [Rovini et al., 2017; Tolosa et al., 2021], which 6 

can vary significantly across visits, hospitals and clinicians and can only provide a static window 7 

into a patient’s experience of the disease. 8 

Wearable sensors offer a promising and cost-effective solution for enhancing clinical care by 9 

providing objective biomarkers that can support early diagnosis, track daily symptom 10 

variations, monitor disease progression, and evaluate medication effectiveness [Maetzler et 11 

al., 2013; Rovini et al., 2017; Moreau et al., 2023; Virbel-Fleischman et al., 2023; Varghese et 12 

al., 2024]. Harnessing symptom variability is particularly relevant for PD tremor, which is a 13 

highly variable symptom that waxes and wanes spontaneously [Dirkx et al., 2023] and is 14 

markedly influenced by stress [Dirkx et al., 2020] as well as movements of other limbs [Zach 15 

et al., 2015]. As a consequence, brief “snapshots” obtained during laboratory or clinical 16 

evaluations of differ from at-home measurements of tremor [Burq et al., 2022]. Furthermore, 17 

unlike bradykinesia and rigidity, PD tremor does not respond to even high doses of levodopa 18 

in 39% of patients [Dirkx et al., 2019; Zach et al., 2020] and dopamine-resistance may 19 

dynamically change during the disease course [Swinnen et al., 2025] and is enhanced under 20 

cognitive stress [Zach et al., 2017]. Hence, tracking whether tremor is dopamine-resistant is 21 

relevant for optimal disease management.  22 

While substantial progress has been made in developing devices, power-efficient sensors, and 23 

data processing techniques to derive digital biomarkers for tremor [Rovini et al., 2017; Sigcha 24 

et al., 2021], passive monitoring under free-living conditions remains a significant challenge 25 

[Del Din et al., 2016; Sica et al., 2021]. The variability in physical activities, physiological states, 26 

and environmental conditions (e.g., stress levels, sleep quality, and differing work and home 27 

environments) within and between patients, introduces complexities in interpreting 28 

measurements derived from free-living conditions [Jung et al., 2020]. 29 

We hypothesized that isolating repetitive patterns in patients’ tremor profiles across multiple 30 

days enables the extraction of key variables that capture fluctuations in response to 31 

medication to support clinical management.Objective and precise measurements of tremor 32 

fluctuations could not only enhance clinical decision-making but also empowe individuals with 33 

PD to gain deeper insights into their symptoms and how they respond to treatment. 34 

This study presents an efficient and computationally inexpensive approach to evaluate daily 35 

fluctuations in rest tremor, leveraging data from the Personalized Parkinson Project (PPP) 36 

[Bloem et al., 2019]. The PPP is a large-scale initiative combining clinical assessments with 37 

long-term passive monitoring of 520 PD patients across two years, establishing a robust 38 

foundation for the longitudinal characterization of PD through wearable technology. Our 39 

algorithm, trained and validated on an independently labelled dataset [Evers et al., 2020], was 40 



applied to the PPP to investigate recurring variations in rest tremor across days in real-world 1 

settings.  2 

The utility of symptom monitoring under free-living conditions is validated by demonstrating 3 

an alignment of wrist-derived tremor measures — probability and severity — with in-clinic 4 

Unified Parkinson’s Disease Rating Scale (UPDRS) scores. We introduce a frequency-based 5 

approach to identify repetitive patterns, i.e., fluctuations in rest tremor that systematically 6 

repeat over days, and explore their relationship with medication schedules across three 7 

groups: (1) non-medicated patients; (2) medicated patients classified as levodopa non-8 

responsive; and (3) medicated patients classified as levodopa responsive. Our findings 9 

revealed differences between groups, highlighting the feasibility of isolating fluctuations in 10 

tremor under free-living conditions. Our proposed measure, assessing the strength of the 11 

repeated tremor fluctuations, correlated with the levodopa equivalent daily dose (LEDD) and 12 

the time spent in the OFF state (UPDRS 4.3), a composite measure of the amount of time spent 13 

with PD symptoms. The ability to quantify rest tremor fluctuations in free-living conditions 14 

and their relationship with medication efficacy and dose scheduling represents a valuable tool 15 

for improving clinical management and personalized treatment strategies in PD. 16 
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Results 1 

Tremor detection model and statistical association with clinical scores 2 

Our rest tremor detection approach combined two classifiers: one for detecting tremor 3 

(tremor detection), and the other to establish the presence or absence of significant arm 4 

activity (rest condition identification).  Tremor and arm-activity detectors were trained on a 5 

manually labelled dataset capturing unscripted daily life activities, the Parkinson@Home 6 

Validation study [Evers et al., 2020]. Briefly, standardized clinical assessments and wirst sensor 7 

recordings during unscripted free-living activities were obtained from a group of 25 PD 8 

patients in  their home environment. The assessors encouraged the participants to perform 9 

indoor and outdoor habitual activities for at least 1 hour, both before and after intake of 10 

dopaminergic medication. Video recordings were then labelled by trained research assistants. 11 

Annotated data from seven patients with tremor were used to train two logistic regression 12 

classifiers, one for tremor and the other for arm activity.  13 

Four types of features were tested for optimal tremor and arm activity detection: 1) power 14 

spectral density (PSD) based features [Heida et al., 2013; Luft et al. 2019; Hssayeni et al., 2019; 15 

Mcgurrin et al., 2021], 2) Mel-frequency Cepstral Coefficients (MFCCs) [San-Segundo et al., 16 

2016, San-Segundo 2020, Sigcha et al., 2021], 3) data-range (statistical quantiles) based 17 

features [Hammerla et al., 2013] and 4) root mean square (RMS) attributes [Patel et al., 2009] 18 

as detailed in the Supplementary Material. 19 

Our analysis (Figure S2, Supplementary Material) revealed that combining acceleration and 20 

angular velocity yielded no additional predictive power for detecting tremor and arm activity. 21 

Moreover, MFCCs provided the best feature set, delivering performance comparable to using 22 

all four features combined. Therefore, the final tremor detection model employed MFCC 23 

features extracted from gyroscope recordings only. This approach avoided computationally 24 

expensive gravitational corrections and resulted in a relatively small feature set. When 25 

validated on the PD@Home dataset using leave-one-subject-out cross-validation, the final 26 

tremor detector achieved a sensitivity of 0.65 ± 0.18 with a specificity fixed at 0.95 ± 0.00, 27 

yielding an AUC of 0.91 ± 0.06. The arm activity detector achieved a sensitivity of 0.74 ± 0.17, 28 

a specificity of 0.78 ± 0.15, and an AUC of 0.88 ± 0.16 (Supplementary Material). 29 

The tremor detection algorithm was then applied to the unlabelled PPP dataset acquired 30 

during unscripted free-living activities. Figure 1 shows the agreement between our wrist-31 

derived measures - the mean tremor probability and the mean tremor severity - with the 32 

corresponding clinical scores (rest tremor constancy - UPDRS 3.18, and rest tremor severity – 33 

UPDRS 3.17) considering eight weeks of data acquired after the first clinical visit. Both mean 34 

tremor probability and severity significantly differed when stratified according to the clinical 35 

scores (Fig. 1A: Kruskal-Wallis’ test: H = 133.1, p < 0.0001; and Fig. 1C: Kruskal-Wallis’ test: H 36 

= 92.59, p < 0.0001), as indicated by the post hoc multiple comparison tests corrected by 37 

Dunn’s method. Wrist-based measures also significantly correlated with the corresponding 38 

clinical scores (Figs. 1B and 1D, mean tremor probability and UPDRS 3.18: ρs = 0.51, p < 0.0001, 39 

N = 477; mean tremor severity and UPDRS 3.17: ρs = 0.41, p < 0.0001, N = 477). Comparable 40 

results were obtained when analysing from the second clinical visit (N = 418) considering eight 41 



weeks of passive monitoring acquired around the assessment (Figure S6 – Supplemental 1 

Material). 2 

 3 

Figure 1: (A) Boxplots for the wrist-estimated average tremor probability stratified into ascending rest 4 

tremor constancy scores (UPDRS 3.18) and (B) the respective dispersion, linear regression, and 5 

Spearman correlation value; (C) Boxplots for the wrist-estimated mean tremor severity stratified in 6 



ascending rest tremor clinical severity scores (UPDRS 3.17) and (D) the respective dispersion, linear 1 

regression, and Spearman correlation value. Data from the first clinical assessment.   2 

 3 

Reappearing tremor fluctuations and relation with medication variables  4 

We hypothesized that evaluating periodic tremor fluctuations across days could provide 5 

means to assess key clinical variables associated with medication effectiveness. To investigate 6 

this, we analysed three different cohorts in the context of medication intake: (1) non-7 

medicated group; (2) medicated group taking levodopa at least three times a day and clinically 8 

rated as non-responsive to medication according to the levodopa challenge; (3) medicated 9 

group taking levodopa at least three times a day and clinically rated as responsive to 10 

medication according to the levodopa challenge.  11 

Figs. 2A-C show the polar histogram for the average tremor probability across days, its average 12 

± standard deviation (shaded – Fig. 2B), and its average ± standard deviation power spectral 13 

density for a typical non-medicated patient. Sleeping intervals can be inferred from the 14 

evening periods with no tremor activity (Figs. 2A and 2B), followed by an increase in tremor 15 

probability in the morning, the sustained tremor level during the daytime and the evening 16 

decline. This pattern contributes to a dominant component at the first frequency coefficient 17 

(approximately 1-1.5 oscillations/ day) followed by a typical exponential monotonic decay at 18 

higher frequencies (Fig. 2C). Analogous panels are presented for a typical levodopa non-19 

responsive patient (Figs. 2D, 2E, and 2F) and a levodopa responsive patient (Figs. 2G, 2H, and 20 

2I). In general, levodopa non-responsive patients tend to exhibit broader tremor fluctuations 21 

across days compared to the non-medicated group, reflected in additional frequency 22 

components in the PSD, which broaden and shift the primary peak observed around 1–1.5 23 

oscillations per day in non-medicated patients. In contrast, levodopa responsive patients 24 

typically demonstrate well-defined oscillatory modes (Fig. 2H) with shifted and enhanced 25 

frequency components (Fig. 2I). 26 

 27 

 28 

 29 



 1 

Figure 2: (A) Wrist-estimated average cycle of the daily circadian tremor probability (N = 46 days) for a 2 

typical non-medicated patient; (B) Mean and standard deviation (shaded) of tremor probability 3 

fluctuations across days; (C) Mean power spectral density (PSD) function for daily tremor fluctuations 4 

and its standard deviation (shaded) normalized by the sum of the coefficients; (D, E, F) – analogous 5 

panels for a typical levodopa non-responsive patient (N = 35 days). Vertical traced lines denote the 6 

prescribed medication intake starting times; (G, H, I) – analogous panels for a typical patient responsive 7 

to levodopa medication (N = 26 days). 8 

 9 

Figure 3A illustrates the average power spectral density normalized (within patient) by the 10 

first oscillatory component, defining the PSDn for wrist-estimated tremor probability 11 

(Methods Section). The non-medicated group exhibited an exponential decay with no 12 

coherent tremor activity, whereas the medicated cohorts exhibited regular rhythmic 13 

components compatible with the typical daily dose schedule (3-10 oscillations/day) 14 

superimposed over the exponential background. This effect was further exaggerated in the 15 

levodopa responsive group. A significant difference was observed in the mean PSDn 16 

coefficients within the medication intake range across the groups (Kruskal-Wallis’s test: H = 17 

18.47, p < 0.0001, Fig. 3B). Post-hoc Dunn’s tests revealed that both levodopa responsive and 18 

non-responsive cohorts exhibited higher PSDn averages compared to the non-medicated 19 

group. 20 



 1 

Figure 3: (A) Average power spectral density of daily sensor-estimated tremor probability normalized 2 

by the first oscillatory component (PSDn). Continuous traces and shaded regions show, respectively, 3 

the PSDn average and standard error of the mean for each cohort: levodopa non-responsive, levodopa 4 

responsive, and non-medicated. Stratification by medication-responsiveness is performed according 5 

to tremor constancy clinical score (UPDRS 3.18) changes observed under the levodopa challenge. (B) 6 

Boxplot for the mean PSDn within the medication (schedule) intake frequency range ([3-10] 7 

oscillations/day) for the cohorts. Patients from the first and second clinical assessments were 8 

considered as independent samples.  9 

 10 

Figure 4 (A and B) present the individual normalized PSDs for wrist-estimated tremor 11 

probability across the investigated cohorts, along with their respective averages (thick line). 12 

Both the levodopa non-responsive and responsive groups contained patients with enhanced 13 

frequency components clearly different from the monotonic decay observed for the non-14 

medicated group as shown in both panels. These enhanced frequency components occur 15 

between 3 and 10 oscillations per day. Notably, the frequency peaks are more prominent in 16 

the levodopa-responsive cohort (Fig. 4B) but also present in the non-responsive group. 17 

Indeed, the strength of the consistent tremor fluctuation (Peakc) – defined as the difference 18 

between patient’s PSD peak and the respective PSD average coefficient for the non-medicated 19 

population (Fig. 4B) – is significantly higher for the levodopa responsive group when 20 

compared to the non-responsive group (Mann-Whiney test: U = 495, p = 0.03) (Fig. 4C).       21 

 22 

 23 



 1 

Figure 4: (A) Individual PSDn (shaded) and group average (thick line) for the levodopa non-responsive 2 

(blue) and non-medicated (green) cohorts; (B) Individual PSDn (shaded) and group average (thick line) 3 

for the levodopa medication-responsive (red) and non-medicated (green) cohorts. Peakc illustrates 4 

the estimation of the strength of the consistent tremor fluctuations across days based on patient PSDn 5 

peak corrected by the non-medicated average. fD denotes patient’s dominant frequency in the 6 

medication intake frequency range; (C) Peakc boxplot for the levodopa non-responsive and levodopa 7 

responsive cohorts.  8 
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 10 



Given the heterogeneous behavior of Peakc observed within the clinically defined groups, it is 1 

reasonable to suggest that different clinical factors may also influence the strength of tremor 2 

fluctuations, which supports an exploratory analysis. Table 1 shows the pairwise correlations 3 

between Peakc and key clinical variables involving medication information, disease 4 

progression and arm activity, summarized by (Methods Section): Resp - clinical responsiveness 5 

to medication; Wearing OFF Quest improvement of… in daily life after medication intake 6 

according to the wearing OFF questionaire; UPDRS 4.3 - time spent in OFF state; Disease 7 

Duration – disease duration in months; LEDD - Levodopa equivalent daily dose; Doses: the 8 

number of levodopa daily doses; Age: patients’ age; ArmActv: mean detected arm activity; 9 

PaidJob - binary variable for paid activity. Interestingly, the correlations obtained suggest that: 10 

(1) arm-activity, which is expected to be affected by the daily routine tasks, doesn’t relate to 11 

Peakc or any other variable; (2) The time spent in OFF state correlates both with the Peakc, 12 

LEDD and number of levodopa doses; (3) LEDD correlates with Peakc, clinically rated 13 

medication responsiveness, number of levodopa doses, time spent in OFF state and disease 14 

duration. 15 

Table 1: Spearman correlation between patients’ clinical variables and the Peakc evaluated 16 

from the individual tremor probability. Significant positive and negative correlations are 17 

highlighted in red and blue, respectively. Resp: clinical tremor responsiveness to levodopa 18 

medication; Wearing OFF Quest: tremor improvement with medication - Wearing OFF 19 

questionary (yes: 1; no: 0); UPDRS 4.3: time spent in levodopa OFF state; Disease Duration: 20 

disease duration in months; LEDD: Levodopa equivalent daily doses (mg); Age: patient’s age 21 

in years; ArmActv: mean arm activity probability; PaidJob – patient paid job activity (yes:1; 22 

no: 0). P-values were adjusted for a false discovery rate of 0.05 according to Benjamini & 23 

Hochberg, 1995 procedure. 24 
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 Resp Wearing 
OFF 

Quest 

UPDRS 
4.3 

Disease 
Duration 

LEDD Doses Age ArmActv PaidJob Peakc 

Resp  -  0.34  0.35  0.19  0.48  0.29 -0.19 -0.12  0.03  0.29 

Wearing 
OFF 

Quest 
 0.34  -  0.30  0.08  0.28  0.23 -0.23 -0.02  0.14  0.26 

UPDRS 
4.3 

 0.35  0.30  -  0.20  0.51  0.46 -0.17  0.09  0.02  0.43 

Disease 
Duration 

 0.19  0.08  0.20  -  0.50  0.26  0.14 -0.06 -0.21  0.26 

LEDD  0.48  0.28  0.51  0.50  -  0.53 -0.07  0.10 -0.24  0.40 

Doses  0.29  0.23  0.46  0.26  0.53  - -0.13  0.16 -0.14  0.34 

Age -0.19 -0.23 -0.17  0.14 -0.07 -0.13 - -0.15 -0.63 -0.07 

ArmActv -0.12 -0.02  0.09 -0.06  0.10  0.16 -0.15  -  0.07  0.05 

PaidJob  0.03  0.14  0.02 -0.21 -0.24 -0.14 -0.63  0.07  - -0.15 

Peakc  0.29  0.26  0.43  0.26  0.40  0.34 -0.07  0.05 -0.15 - 



As both LEDD and UPDRS 4.3 correlate with Peakc, it is reasonable to postulate that the 1 

experience of OFF states (UPDRS 4.3 ≥ 1) contributes to the consistent tremor fluctuations 2 

observed. Figure 5 further illustrates that the correlation between Peakc and LEDD (Fig. 5A) is 3 

primarily driven by the subset of patients experiencing OFF states (symptom fluctuator cohort, 4 

UPDRS 4.3 ≥ 1). In contrast, patients without motor fluctuations (UPDRS 4.3 = 0) show no 5 

correlation between Peakc and LEDD (Fig. 5B). This stratification based on UPDRS 4.3 offers a 6 

more robust explanation (ρs = 0.51, p = 0.002) for the population-level relation between Peakc 7 

and LEDD observed in Fig. 5A (ρs = 0.37, p = 0.001).  8 

 9 

Figure 5: (A) Levodopa equivalent daily dose (LEDD) vs. the strength of the consistent tremor 10 

fluctuations across days (Peakc) for the medicated cohort evaluated from tremor probability in the 11 

levodopa constancy responsiveness scenario. Outliers were excluded for both variables. Spearman 12 

correlations (ρs), p-values (p) and number of samples (N) are shown in the panels. (B) LEDD vs. Peakc 13 

dispersion considering further stratification into symptom fluctuator (UPDRS 4.3 ≥ 1) and non-14 

fluctuator (UPDRS 4.3 = 0) groups. Fewer patients (N = 69) had UPDRS 4.3 data available, explaining 15 

the sample size difference compared to panel (A).  16 

 17 

Finally, the sub-group of patients experiencing motor-fluctuations showed a marginal 18 

correlation between the dominant frequency (fD – Fig. 4B) and the number of levodopa doses 19 

taken (ρs = 0.28, p = 0.09, N = 38). A key limitation in associating these variables lies in the 20 

minimal signal to noise ratio required to accurately describe this relationship, as patients with 21 

low Peakc may contribute to spurious fD values. Alternatively, if we select a group with higher 22 

Peakc regardless of the initial clinical levodopa responsiveness stratification, which can be 23 

performed using a clustering approach (k-means), a significant correlation emerged between 24 

fD and the number of levodopa doses (ρs = 0.46, p = 0.03, N = 22), which once again highlights 25 

the relationship between the tremor fluctuation strength and the medication variables. 26 

Overall, the strength of consistent fluctuations across days based on wrist-estimated severity 27 

(i.e., the tremor amplitude) provided comparable inferences to those based upon tremor 28 

probability reported in Figures 2-5 and Table 1. Additional details are provided in the 29 

Supplementary Material (see Section Tremor fluctuation dynamics – Tremor Severity). In the 30 

group analysis of PSDn under the severity scenario (Fig. S7 – Supplementary Material), the 31 



differential effect between levodopa-responsive and non-responsive groups was smaller than 1 

that observed for tremor probability (Fig. 3). Furthermore, unsupervised clustering of Peakc 2 

derived from wrist-based severity did not reveal a significant relationship between fD and the 3 

number of doses. Confounding factors that influence tremor severity, such as stress or arousal, 4 

may introduce additional sources of unexplained variability that may explain the lower effect 5 

sizes observed for inferences derived from tremor severity. 6 
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 1 

Discussion 2 

This study presents a novel framework for analyzing rest tremor fluctuations in Parkinson's 3 

disease (PD) patients under free-living conditions. Methodologically, we introduce an efficient 4 

and computationally inexpensive model for detecting rest tremors based on a wrist-worn 5 

sensor, and propose a frequency-based metric to capture consistent tremor fluctuations 6 

across multiple days. Clinically, wrist-based measures of tremor probability and severity 7 

demonstrate significant correlations (ρs ≈ 0.5) with corresponding UPDRS scores assessed 8 

during both clinical visits. Additionally, our frequency-based measure for the strength of daily 9 

fluctuations in tremor (Peakc) identified consistent patterns that effectively distinguished 10 

levodopa-responsive from non-responsive groups. This measure significantly correlated with 11 

the levodopa equivalent daily dose (LEDD) in patients experiencing OFF states (UPDRS 4.3 ≥ 12 

1) suggesting that it is a proxy of medication-induced tremor fluctuations. Furthermore, 13 

unsupervised clustering of medicated patients based on Peakc revealed a group with more 14 

consistent tremor fluctuations, whose dominant frequencies were significantly correlated 15 

with the number of levodopa doses. 16 

Although there is an extensive body of work on detecting PD symptoms using wearable 17 

sensors [Maetzler et al., 2013; Rovini et al., 2017; Moreau et al., 2023], relatively few studies 18 

focus on continuous monitoring in real-world settings, which poses significant validation 19 

challenges [Sigcha et al., 2021]. Historically, algorithm validation has relied on labels derived 20 

from episodic and remotely administered motor tests [Lipsmeier et al., 2022; Burq et al., 2022; 21 

Oyama et al., 2023], self-reported motor states [San-Segundo et al., 2020], or comparisons 22 

with scores obtained during clinical visits [Mahadevan et al., 2020; Adams et al., 2023]. In this 23 

study, our metrics demonstrated significant agreement with corresponding clinical scores. 24 

Notably, cohorts with moderate to severe rest tremor constancy or severity showed sensor-25 

derived metrics that were significantly distinct from those with mild or no tremor, consistent 26 

with findings in [Mahadevan et al., 2020]. 27 

Previous studies [Burq et al., 2022; Moreau et al., 2023; Oyama et al., 2023] have 28 

demonstrated that digital measurements from smartwatches are sensitive to changes 29 

associated with medication states, showing small to medium effect sizes during virtually 30 

conducted motor assessments in both hospitalized and home-based settings under levodopa 31 

OFF and ON conditions. Similarly, [Heijmans et al., 2019] utilized episodic interventions to 32 

assess the states of PD patients in daily life, presenting a case study in which inertial signals 33 

were leveraged to detect the levodopa OFF state (AUC = 0.73), supporting the feasibility of 34 

OFF state detection in such scenarios. 35 

Continuous monitoring of levodopa-induced tremor decay has been explored by [Pulliam et 36 

al., 2018] using the Kinesia motor assessment system (Great Lakes NeuroTechnologies, 37 

Cleveland, OH) during daily activities in home-simulated environments, further advocating for 38 

the practicality of tracking tremor fluctuations in real-world settings. Additionally, the 39 

Parkinson’s KinetiGraph System (PKG, Global Kinetics Corporation, Melbourne, Australia) has 40 

proven effective in distinguishing levodopa ON and OFF states based on sensor-derived 41 



bradykinesia scores, which correlated moderately to strongly with patient diaries [Ossig et al., 1 

2016]. This system has also been successful in characterizing wearing OFF fluctuations 2 

[Farzanehfar et al., 2022]. Finally, [Mahadevan et al., 2020] demonstrated a strong agreement 3 

between sensor-derived tremor metrics in levodopa ON and OFF states and the corresponding 4 

clinical scores obtained during in-clinic visits. 5 

In contrast to previous studies, here, we introduced for the first time a frequency-based 6 

approach to assess consistent tremor patterns across multiple days in patients taking 7 

levodopa. This approach stands for: 1) Time-shift invariance – ensuring robustness to temporal 8 

jitter (e.g., due to variable medication intake time) in the data (Fig. 2); 2) Higher signal to noise 9 

ratio – by using ensemble averaging across trials in the frequency domain highlighting 10 

components that consistently reappear across days; 3) Normalization by the diurnal cycle – 11 

enabling the detection of consistent oscillations relative to other diurnal patterns; 4) Use of a 12 

contrasting metric – providing a reference or a control population (non-medicated population) 13 

for highlighting the medication effect. This new framework which relied solely on passive 14 

monitoring under real-world conditions unveiled stronger frequency components within the 15 

levodopa intake range for the medicated group, leading to the development of a measure that 16 

correlated significantly with the patients’ daily levodopa dosage (LEDD) and the time spent in 17 

the OFF state (UPDRS 4.3). 18 

By stratifying the medicated patients into two groups according to the UPDRS 4.3 clinical score 19 

- those with fluctuating symptoms (UPDRS 4.3 ≥ 1), and those without (UPDRS 4.3 = 0) - 20 

revealed that the relationship between LEDD and tremor fluctuation strength was most 21 

pronounced in patients experiencing OFF states (UPDRS 4.3 ≥ 1). This finding suggests that 22 

such patients are more likely to exhibit medication-induced tremor reduction, with daily 23 

tremor cycles closely tied to their medication schedules. Notably, in the group with greater 24 

tremor fluctuation strength, a significant correlation was observed between the dominant 25 

frequency of these fluctuations and the number of daily levodopa doses. This confirms the 26 

link between average tremor frequency patterns and medication schedules. 27 

Although the MDS-UPDRS 4.3 accounts for a broader range of symptomatic worsening to 28 

characterize the duration of OFF states, patients experiencing response fluctuations often 29 

report increased tremor, [Perepezko et al., 2020]. Furthermore, our analytical framework and 30 

inclusion criteria focused on patients exhibiting detectable tremors, prioritizing the objective 31 

quantification of tremor changes in fluctuators (UPDRS 4.3 ≥ 1). 32 

The observed relationship between LEDD and tremor fluctuation strength in free-living 33 

conditions is particularly noteworthy. It suggests that wrist-based monitoring could provide 34 

an objective measure of a patient’s response to medication, offering valuable insights for 35 

tracking disease progression and enhancing clinical management. This is clinically relevant, 36 

given that PD tremor does not adequately respond to levodopa in 39% of cases [Zach et al., 37 

2020], while stereotactic surgery (e.g. deep brain stimulation) is highly effective even for 38 

dopamine-resistant tremor [Armstrong & Okun, 2020]. Stress can abolish the effect of 39 

levodopa on PD [Zach et al., 2017], making it difficult to reliably establish whether PD tremor 40 

is dopamine resistant. Hence, earlier detection of dopamine-resistant PD tremor using 41 



wearable devices may help clinicians to consider stereotactic treatments in earlier stages of 1 

the disease.    2 

Study Limitations 3 

As a main limitation of this work, the proposed approach defines a heuristic with different 4 

parameters requiring context-dependent designing options, which may impact its general use 5 

and widespread applicability. In addition, the analysis performed here was constrained to a 6 

specific population (e.g., patients taking levodopa medication at least three times a day, with 7 

no levodopa agonist and exhibiting a minimal level of detectable rest tremor) and a broader 8 

investigation would be required for evaluating its potential under different experimental 9 

designs.  10 

 11 
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Methods 7 

Rest tremor detection: a supervised approach 8 

PD participants in the Parkinson@Home Validation study [Evers et al., 2020] (n=25) wore 9 

lightweight sensors (Physilog® 4, Gait Up S.A., Lausanne, Switzerland) on both wrists. Video 10 

recordings were analysed and labelled by trained research assistants, providing annotations 11 

for the performed activities (walking, sitting, standing, etc.,) and visible PD symptoms (e.g., 12 

tremor).  13 

Data from a triaxial accelerometer (m/s2) and a gyroscope (deg/s) were acquired at a sampling 14 

rate of 200 Hz and downsampled (by decimation) to 100 Hz. Gravity effects on acceleration 15 

were filtered out using an L1 trend filter [Kim et al., 2009]. The data was then sliced into 4 s 16 

windows with 2 s overlap. Four types of features were tested for optimal tremor and arm 17 

activity detection, as detailed in the Supplementary Material. Extracted triaxial features were 18 

combined (summed) to provide a single reference-free feature set [Mcgurrin et al., 2021]. 19 

Tremor and arm activity detection performances were characterized in terms of the area 20 

under the curve (AUC) of the receiver operating characteristics (ROC) for individual feature 21 

sets for both acceleration and angular velocity, and for their combination (i.e., all features 22 

from all inertial measurements). The final feature set, and the detection performances are 23 

summarized in the Results Section with a detailed assessment in the Supplementary Material. 24 

Given the superior performance of MFCC features in this labelled data set, this set was taken 25 

forward for tremor and arm activity prediction. 26 

The Personalized Parkinson Project  27 

The classifiers trained on the labelled data were taken forward to analyse circadian tremor 28 

dynamics and consistent tremor fluctuations in the context of the larger, but unlabelled, 29 

Personalized Parkinson Project (PPP) data [Bloem et al., 2019]. This cohort comprises 520 30 

patients followed for 2 up to 3 years with annual in-clinic assessments and continuous daily 31 

monitoring under free-living conditions using a wrist-worn sensor device. The in-clinic 32 

assessments included an extensive clinical evaluation (e.g., MDS-UPDRS, demographics and 33 

lifestyle), the collection of biospecimens, and neuroimaging. In addition, patient completed 34 

annual questionaries e.g. about their motor and non-motor symptoms, sleep disorders, 35 

quality of life, and response fluctuations). Continuous monitoring was achieved using a wrist-36 

worn multi-sensor device, the Verily Study Watch (Verily, San Francisco, USA), continuously 37 

capturing acceleration, angular velocity, pulse rate, and electrodermal activity. Patients were 38 



recommended to use the study watch 24/7 (i.e., all day except for daily charging periods of ~1 1 

hour). Further details can be found in [Bloem et al., 2019].  2 

Passive rest tremor monitoring: the Personalized Parkinson Project 3 

The sampling rate was originally set to 50 or 100 Hz. Gyroscope signals were cubic interpolated 4 

to … Hz to ensure that the sampling frequency matched the value set, given hardware 5 

sampling jitter. Time series were sliced into 4 s windows, followed by MFCCs feature extraction 6 

- the best feature set identified in the supervised scenario. MFCCs were z-score normalized 7 

and used as input in the logistic regression classifiers trained on the PD@Home dataset to 8 

obtain tremor and arm activity labels in the PPP dataset (Supplementary Material), as 9 

schematically represented in Figure 6. 10 

Rest tremor probability was quantified as the total number of rest tremor windows detected 11 

divided by the total number of rest windows within a 5 min interval. Windows with significant 12 

arm activity were not considered in this calculation as also performed in [Mahadevan et al., 13 

2020]. Tremor severity was obtained using 𝑙𝑜𝑔10(𝑇𝐷𝑃 + 1), where TDP is the power in the [3.5 14 

– 8 Hz] range considering a bandwidth of 1 Hz around the tremor peak. We opted to use the 15 

log scale due to the linear relation between the clinical rating for tremor severity and the log 16 

of the tremor oscillation amplitude [Elble et al., 2006]. The argument of the log function was 17 

defined to map the tremor severity as zero for windows classified as non-tremor, since TDP 18 

would be zero in this condition. 19 

 20 

 21 

 22 

Figure 6: Schematic representation of the tremor detection framework. (A) The inertial data from the 23 

Verily Study Watch is encrypted and sent to the Verily Cloud. (B) stored angular velocity signals were 24 

offline interpolated and sliced into windows of four seconds each. (C) The data features (MFCCs) were 25 



extracted and used as (D) input to a previously trained logistic regression classifier to obtain (E) a binary 1 

tremor label. The same procedure was applied for arm activity detection. 2 

 3 

Wrist-based measures and their agreement with clinical scores     4 

Daily sensor data from the eight weeks surrounding the first and second clinical visits 5 

(approximately one year apart) were processed using the pipeline outlined in Figure 6 for 477 6 

and 418 patients, respectively. For days with at least 60% of data available, the mean rest 7 

tremor probability and severity were calculated. These wrist-based measurements were 8 

compared to the corresponding clinical scores: rest tremor constancy (MDS-UPDRS 3.18) and 9 

severity (MDS-UPDRS 3.17). Patients were stratified into groups based on their respective 10 

clinical scores, enabling comparisons between the clinical and wrist-based measures. 11 

Spearman correlation was employed to assess the statistical association between the two. 12 

Reappearing rest tremor fluctuations in medicated and non-medicated cohorts 13 

Based on the hypothesis that consistent tremor fluctuations across days may reflect regular 14 

deterministic behavior (e.g., daily routines) or external stimuli (e.g., medication schedules), 15 

the average daily PSD coefficients were estimated from the wrist-based measures. This 16 

approach aimed to capture persistent daily patterns, independent of temporal shifts 17 

introduced by variations in the timing of medication intake. Figure 7 demonstrates the 18 

approach by analyzing daily tremor probability profiles (Fig. 7A) and their corresponding 19 

power spectral densities (PSDs) (Fig. 7B). As the daily PSD coefficients are invariant to time-20 

shifts, averaging across daily observations enhances common frequency components (Fig. 21 

7D). In contrast, averaging across the time domain (Fig. 7C) results in the loss of representative 22 

daily frequency components due to temporal shifts, as reflected in the resulting PSD shown in 23 

Fig. 7E. 24 

 25 



 1 

 2 

Figure 7: (A) Individual daily circadian tremor probability profiles (simulated for illustration), 3 

and (B) their respective power spectral densities. (C) Cross-day average in the time domain. 4 

(D) Cross-day average in the frequency domain. (E) Power spectral density of the across-day 5 

temporal tremor probability average.   6 

 7 

Three different cohorts were analysed: (1) non-medicated patients; (2) patients taking 8 

levodopa at least three times a day, clinically rated as non-responsive to medication; and (3) 9 

patients taking levodopa at least three times a day, clinically rated as responsive to 10 

medication. Patients taking dopamine agonists in addition to levodopa were excluded from 11 

the analysis due to possible complex interactions with levodopa. 12 

Levodopa responsiveness was independently assessed by evaluating changes in the severity 13 

and constancy of UPDRS scores between the OFF and ON states. The wrist-based measures 14 

(rest tremor severity and probability) obtained from passive monitoring were used 15 

independently to calculate the average PSD coefficients for the previously described cohorts. 16 



While we present levodopa responsiveness based on tremor constancy (probability) in the 1 

main text, analogous results derived from tremor severity are provided in the Supplementary 2 

Material. These two scenarios yield similar inferences, as both rely on the occurrence of rest 3 

tremor, but with severity measures yielding a lower SNR due to increased susceptibility to 4 

confounds of environmental factors and other tremor modulating factors (e.g., stress). Any 5 

similarities or differences between them are explicitly noted in the paper. Data from each 6 

clinical assessment were treated as independent samples. The demographics of the cohorts 7 

used for levodopa responsiveness analysis are summarized in Table 2. 8 

 9 

Table 2: Population demographics considering levodopa responsiveness based on tremor 10 

constancy for levodopa non-responsive (NR), and levodopa responsive (R), and the non-11 

medicated (NM) cohorts. Averages ± standard deviation are shown for each variable (except 12 

for gender). LEDD denotes the levodopa equivalent daily dose; H&Y – the Hoehn & Yahr scale 13 

in levodopa OFF condition for assessing disease stage; UPDRS III – the total sum for the Unified 14 

Parkinson’s Disease Rating Scale - part III: motor examination in levodopa OFF condition. 15 

 16 

COHORT GENDER 
(F/M) 

AGE (YEARS) DISEASE 
DURATION 
(MONTHS) 

LEDD 
(MG/DAY) 

H&Y UPDRS III 

NM 9/15 57 ± 12.20 31 .56 ± 16.06 N.A.  1.92 ± 0.41 36.68 ± 10.03 
NR 11/31 63.48 ± 7.70 36.30 ± 17.54  457.82 ± 227.68 2.12 ± 0.40  38.86 ± 12.02 
R 9/27 62.17 ± 9.13 46.40 ± 20.53 651.78 ± 267.25 2.03 ± 0.51 43.17 ± 11.19 

 17 

Daily PSD coefficients were independently estimated from circadian wrist-based variables 18 

(probability and severity) obtained in consecutive 5-minute windows without overlap during 19 

the daily activity interval (06:00–23:00 h). These coefficients were smoothed using a 6-point 20 

(30-minute) moving average filter. Only days with at least 80% of non-missing data within this 21 

interval were included in the daily PSD estimation (details provided in the Supplementary 22 

Material). 23 

The PSD coefficients averaged across days were normalized by the first oscillatory component 24 

(lowest non-zero frequency coefficient or fundamental frequency), which represents the 25 

dominant rhythm given by diurnal tremor cycle. This normalization facilitates the analysis of 26 

frequency components relative to the typical strength of rest tremor observed while patients 27 

are awake. 28 

Tremor fluctuation strength across days (Peakc) was quantified using a contrast metric to 29 

compare medicated and non-medicated patients. This metric was defined as the difference 30 

between the peak of the average daily normalized PSD coefficients for each patient and the 31 

corresponding non-medicated average normalized PSD coefficients. 32 

Since the proposed measure for assessing tremor fluctuations across days may be influenced 33 

by additional factors - such as the amount of arm activity, medication variables (e.g., number 34 

of doses or levodopa equivalent daily dose), and key clinical aspects (e.g., age, disease 35 



duration) - we conducted an exploratory analysis by evaluating the correlation matrix, 1 

considering: Resp: Patient clinical tremor responsiveness to levodopa medication, as defined 2 

in [Zach et al., 2020] (Equation 1); Wearing OFF Quest: Tremor improvement with medication, 3 

assessed via the Wearing OFF questionnaire (yes: 1; no: 0); UPDRS 4.3: time spent in levodopa 4 

OFF state; Disease Duration: disease duration in months; LEDD: Levodopa equivalent daily 5 

doses (mg); Age: patient’s age in years; ArmActv: mean arm activity probability; Paid Job – 6 

paid job activity (yes:1; no: 0).  7 

Statistical Analysis 8 

The D’Agostino and Pearson test was used to assess the normality of random variables’ 9 

distribution. Hypothesis testing was conducted using Student’s t-test (t statistic) or ANOVA (F 10 

statistic) with Tukey post-hoc corrections for normally distributed data depending on the 11 

number of groups. Alternatively, Mann-Whitney (U statistic) or the Kruskal-Wallis’ test (H 12 

statistic) with Dunn’s post-hoc corrections for non-normal distributions. Correlation analyses 13 

employed Pearson’s correlation coefficient (ρp) for normal distributions and Spearman’s 14 

correlation coefficient (ρs) for non-normal distributions.  15 

In the boxplots presented, * indicates p-value < 0.05, ** indicates p-value < 0.01, and 16 

additional * denotes a 10-fold decrease in the significance level (e.g., p-value < 0.001). When 17 

applicable and explicitly mentioned, p-values were adjusted for a False Discovery Rate of 0.05 18 

according to Benjamini & Hochberg, 1995 procedure as implemented in [Groope, 2024]. 19 
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Supplementary Material 17 

Methods 18 

Supervised Tremor and arm activity detection 19 

Data-Processing: Tri-axial acceleration and angular velocity data were acquired by Physilog® 20 

4 (Gait Up S.A., Lausanne, Switzerland) sensor displaced at both wrists, ankles, and lower 21 

back. Data from the most tremor-affected upper limb was considered in this analysis. Data 22 

were acquired at 200 Hz and further downsampled to 100 Hz. Signals were sliced into 4 s 23 

windows with a 2 s overlap. Gravity effects on the acceleration recordings were corrected 24 

according to the L1 trend filtering [Kim et al., 2009]. Details concerning experimental setup 25 

for signal acquisition can be found in [Evers et al., 2020]. Feature extraction was performed 26 

considering: (1) Power spectral density (PSD) attributes; (2) Mel-frequency cepstral 27 

coefficients (MFCCs); (3) Data-range-based features obtained by the empirical cumulative 28 

distributions functions (ECDFs); Root mean square (RMS) attributes. Evaluation of these 29 

attributes is detailed in the Feature Extraction section in this supplementary material. 30 

Based on the video annotations provided, window labels were defined independently for 31 

activity (walking, sitting, standing, etc) and tremor (see details in [Evers et al., 2020]). Tremor 32 

label under significant arm activity is defined in terms of a binary variable (occurrence or not), 33 

while under rest, information concerning severity is also provided (No Tremor, Mild Tremor, 34 

Moderate Tremor, Severe Tremor). Tremor episodes were detected based on the following 35 

binary supervised classification scenario: class NO TREMOR (class 1 - negative) refers to the 36 

condition of no tremor; class TREMOR (class 2 - positive) is characterized by tremor 37 



independently of severity. A second classifier is implemented to detect significant arm-activity 1 

(i.e., independently from the specific activity being performed). In this case, class 1 - NO ARM 2 

ACTIVITY - is the negative one, and class 2 – ARM ACTIVITY is the positive one. For both 3 

classification scenarios, 4 s windows with at least 1 s of tremor are labelled as TREMOR, and 4 

windows with at least 0.5 s of arm activity are labelled as ARM ACTIVITY.    5 

Detection performance was evaluated considering seven PD patients with tremor in a leave-6 

one subject out (LOSO) crossvalidation scheme using a logistic regression classifier under least 7 

absolute shrinkage and selection operator (LASSO) regularization for each classification task 8 

(tremor and arm activity). Performance was characterized through the receiver operating 9 

characteristics curve (ROC). The signal processing pipeline is schematically presented in Figure 10 

S1. 11 

 12 

 13 

Figure S1: Tremor detection and arm activity signal processing pipeline. Tri-axial acceleration and 14 

angular velocity were pre-processed and sliced into windows. Different set of features were extracted, 15 

and the performance was evaluated through a leave one subject out cross-validation scheme using a 16 

logistic regression classifier for tremor and arm activity detection.  17 

 18 

Feature Extraction 19 

PSD-based features: power spectral density coefficients (PSD) outline a classical approach for 20 

investigating and characterizing tremor and general activity events in wearables sensors [Luft 21 

et al., 2019]. In this work, the PSD coefficients were obtained for each axis (Px(f), Py(f), Pz(f)) 22 

and collapsed (summed) into a single vector (Ps(f) = Px(f) + Py(f) + Pz(f)) for acceleration and 23 

angular velocity. This provides a lower dimensional and orientation independent feature 24 

structure [Mcgurrin et al., 2021] for each inertial measurement. For each type of recording, 25 

seven PSD-based attributes were estimated for 3 different bands: (1) BandPower – area 26 

under the PSD functions within the respective bandwidth; (2) BandPowerRatio – BandPower 27 

normalized by the sum of coefficients up to 15 Hz; (3) PeakFrequency – dominant frequency 28 

within the bandwidth; (4) DominantPower – area under the dominant frequency constrained 29 

to half-decay range within the bandwidth; (5) DominantPowerRatio – dominant power 30 

normalized by the BandPower; (6) FrequencyWidth – length of the frequency interval around 31 

the dominant peak for half-decay within the bandwidth; (7) PeakHeight – difference between 32 

the frequency peak and the baseline within the bandwidth. The bandwidths considered were: 33 



[0.4 – 2 Hz] typically associated with gait activity; [3.5 - 8 Hz] typically associated with rest 1 

tremor activity; typically [8 – 12 Hz] associated with postural and kinetic tremor activity. This 2 

spectral segregation aims an efficient feature set description considering the essential activity 3 

detection phenomena to be considered.  4 

Mel-frequency cepstral coefficients (MFCCs): MFCCS define a small set of features that 5 

concisely describe the overall shape of the spectral envelope [Schafer & Markel, 1979]. The 6 

approach used here starts by obtaining the Short Time Fourier Transform of each axis 7 

(Hamming sub-windows of 2 s with 80% overlap), followed by their sum for obtaining an 8 

orientation-independent feature structure. The resulting spectrogram is then filtered by 15 9 

triangular filters distributed in the range [0 - 30 Hz] with filter edges defined by the Mel-10 

adjusted scale for inertial signals: 11 

𝑀𝑒𝑙(𝑓) = 64.875 ∙ 𝑙𝑜𝑔10 (1 +
𝑓

17.5
)    (1). 12 

The output of the bank filter is then non-linear ratified by a log function and cosine discrete 13 

transformed (DCT-II) providing 12 coefficients. Essentially, the MFCCs focuses the analysis on 14 

lower frequencies, using the Mel scale for obtaining a sparser distribution of the filters in the 15 

upper part of the spectral domain. The scale mimics the non-linear human sound perception 16 

which justifies its adaption for working within the range of inertial signals as shown in [San-17 

Segundo, 2016].        18 

Data-range features: Data-range features were evaluated based on the empirical cumulative 19 

distribution functions (ECDFs) as introduced in the context of accelerometry by [Hammerla et 20 

al., 2013]. ECDFs corresponds to a set of concatenated quantiles of the data distribution, 21 

which claims to define a more robust statistics, since different movement activities can imply 22 

multimodal distributions of difficult characterization by standard statistical moments (e.g., by 23 

imprecise definition of data range or histogram bins). For the evaluation employed here, the 24 

data is firstly filtered in different bandwidths: [0.4 – 2 Hz] gait range; [3.5 – 8Hz] rest tremor 25 

range; [8 – 12 Hz] postural/kinetic tremor range; [12- 20 Hz] higher frequency activity. For 26 

each frequency range, tri-axial data was collapsed by evaluating the magnitude vector: 27 

𝑀𝑎𝑔(𝑛) =  √𝑠𝑥
2(𝑛) + 𝑠𝑦

2(𝑛) + 𝑠𝑧
2(𝑛)     (2), 28 

in which si(n) denotes the n-th sample of the signal value at axis i. The ECDF is then obtained 29 

from Mag(n) by means of 10 concatenated quantiles equally distributed in the range [0 1]. 30 

The feature set also includes the distribution mean, leading to 11 attributes per bandwidth.  31 

Root Mean Square (RMS)-based features: the RMS value of inertial signals can also outline a 32 

low-cost measure for characterizing tremor or other movement activities [Patel et al., 2009]. 33 

For each bandwidth considered in the data-range features, the RMS value of the magnitude 34 

vector was obtained, leading to 4 attributes.  35 

Data Partition and Classification Scenarios: A leave-one-subject-out (LOSO) cross-validation 36 

scheme and a logistic regression classifier under least absolute shrinkage and selection 37 

operator (LASSO) regularization were used to evaluate classification performance. All 38 

biomarkers’ candidates were z-scored normalized based on the respective feature average 39 



and standard deviation estimated from the training set. Independent classifiers were 1 

obtained for tremor and arm activity detection. LASSO penalty was set to constrain the 2 

maximum number of features to 20 in each classification scenario, which aims to explore the 3 

underlying information of the feature space, while preserving a reasonable low dimensional 4 

representative feature set. The choice of the logistic regression classifier is motivated by its 5 

simplicity, interpretability and widespread use in the binary classification tasks. Detection 6 

pperformance is characterized through the receiver operating characteristics (ROC) curve and 7 

the area under it (AUC), which were obtained for each type of inertial measurement 8 

(acceleration and angular velocity), for each type of feature and for the combination of all 9 

attributes/type of measurement.  10 

Supervised Detection Performance: Figure S2 shows the ROC curves for tremor (Figs. S2(A) 11 

and S2(B)) and arm activity (Figs. S2(C) and S2(D)) for each set of features extracted and their 12 

combinations. Feature set combination includes all features extracted under acceleration 13 

measurements (All features - Accel) and all features extracted for both acceleration and 14 

angular velocity (All features – Accel & Gyro). From the ROC curves, it is possible to observe 15 

that the cepstral coefficients (MFCCs) have the best performance among the individual set of 16 

features, providing detection characteristics identical to all features combined (Figs. S2(A), 17 

S2(B), and S2(D)). A small performance difference is only observed for arm activity detection 18 

using acceleration recordings (Fig. S2(C)). The analysis emphasizes crucial aspects for 19 

optimizing the detection approach: (1) there is redundant information among the features 20 

sets; (2) there is redundant information between acceleration and angular velocity.  21 

 22 



 1 

Figure S2: (A) Receiver operating characteristics (ROC) curve for the tremor detection task considering 2 

all individual set of attributes extracted and their combination among acceleration recordings (All 3 

features – Accel) and all features independent of inertial measurement type (All Features – Accel & 4 

Gyro); (B) Analogous performance characterization for the angular velocity measurement; (C) ROC 5 

curve for the arm activity detection task considering acceleration, and (D) angular velocity. 6 

Indeed, Figure S3 shows the correlation between the best gyroscope features, i.e., attributes 7 

selected at least 4 times in the LOSO cross-validation scheme by the logistic regression 8 

classifier under LASSO regularization. Redundancy across feature sets is exemplified by the 9 

correlation between the first MFCC coefficient with ECDF features, or with MFCCs in general 10 

with PSD-based features (e.g., GyGaitBandpowerRatio, GyLTreDomPowerRatio). This 11 

redundant behaviour suggests that the MF’CCs set, which was predominant in the best feature 12 

set selected, can efficiently summarize the information content among all the feature sets 13 

used.  14 



 1 

Figure S3: Correlation matrix among the best features selected by logistic regression 2 

classification for tremor detection using gyroscope measurements. GyGaitBandpowerRatio – 3 

gyroscope bandpower ratio in gait frequency range ([0.4 - 2 Hz]), GyLTreDomPowerRatio – 4 

gyroscope dominant power ratio in the range [3.5 – 8 Hz], GyHTreDomPowerRatio – 5 

gyroscope dominant power ratio in the range [8 – 12 Hz], GyMFCC(i) – i-th MFCC coefficient 6 

from gyroscope recordings, GyMagGaitECDF(k) – k-th ECDF coefficient for the measurement 7 

magnitude in the range [0.4 – 2 Hz], GyMagLTreECDF(k) – k-th coefficient for the magnitude 8 

in the range [3.5 – 8 Hz], GyMagVHFreqECDF(k) – k-th ECDF coefficient for the measurement 9 

magnitude in the range [12-20 Hz]. 10 

 11 

Fig. S4(A) shows a typical labeled time course for patient’s tremor and the respective 12 

ongoing activity as labelled in video recording. Spectrograms for acceleration (Fig. S4(B)) and 13 

angular velocity (Fig. S4(C)) show similar time-frequency structures and redundant spectral 14 

information between the inertial measurements. The spectrograms also indicate different 15 

harmonic structures for at least two essential daily activities: walking (e.g., from the 12th to 16 

18th minute) and tremor (e.g., such as intermittently appearing after the 25th minute). Indeed, 17 

walking activity introduces harmonics within the typical tremor band (3.5-12 Hz), contributing 18 

as hard confounding effect if tremor detection would be performed just based in the typical 19 

range-based bandpower estimates. In this case, the “spectral landscape” captured by the 20 

MFCCs seems particularly efficient to deal with the different harmonic structures observed in 21 

walking and tremor activities and may explain why they were the best feature set among the 22 

attributes extracted (Figure S2). 23 



 1 

Figure S4: (A) Labelled tremor and activity time course for a typical PD@Home recorded 2 

section. “LC” and “NC” denote “low chair” and “normal chair”, respectively. “Act” denotes 3 

activity. Only the tremor label was used to obtain the tremor and arm activity classifiers; (B) 4 

Summed spectrograms for the 3-axis acceleration and (C) for 3-axis angular velocity.   5 

 6 

 7 

The results shown in Figures S2, S3 and S4 leads to key-conclusion to optimize the 8 

classification approach: the evaluation of the MFCCs is enough to attain best detection results 9 

both for tremor and arm activity detection when gyroscope measurements are considered. 10 

This avoids dealing with computationally expensive gravity correction techniques in 11 

accelerometry and outlines a small set of frequency-based descriptors capable for capturing 12 

different complex harmonic structures without a priori assumptions about specific activity 13 

bandwidths. Table S1 shows the final LOSO performance considering MFCCs extracted from 14 

angular velocity. For tremor detection, the logistic regression threshold was chosen to have a 15 



specificity of 95 % aiming at controlling the negative rate detection, given the expected class 1 

balance in long-term evaluation. For tremor detection, all twelve MFCCs features were used, 2 

except coefficients 9 and 11. For arm activity detection, the MFCCs 1, 3, 4, 5, and 6 were used. 3 

Table S1: Mean ± standard deviation for sensitivity, specificity and area under the ROC curve 4 

for tremor and arm activity detection based on MFCCs extracted from gyroscope data. 5 

  6 

 7 

Advantages and relation to previous work. 8 

The approach stands out by using gyroscope data to avoid computationally expensive gravity 9 

effect corrections and a convenient scale-invariant feature set based on the spectral shape 10 

and MFCCs, combined with a logistic regression classifier for independently detecting tremor 11 

and significant arm activity. In particular, the exclusive use of angular velocity and MFCCs 12 

features emerged from a data-driven analysis performed with labelled data, supporting the 13 

designing options under a detection performance with AUC > 0.8. It is important to note that 14 

only 6.6 % of metrics proposed for free living activity assessments exclusively use gyroscope 15 

recordings [Jung et al., 2020], in order to circumvent computationally intensive algorithms 16 

(e.g., sensor fusing [Sabatini, 2011] or l1-trend filtering [Kim et al., 2009]) for correcting the 17 

gravity effect in the accelerometery: an issue of major relevance for processing data at the 18 

scale of hundreds of patients recorded for months or years. The supervised training analysis 19 

also allowed to show that the MFCCs can provide a concise and efficient feature set for tremor 20 

detection, avoiding the combination of a myriad of redundant attributes. The use of MFCCs in 21 

the context of inertial signals was introduced by [San-Segundo et al., 2016] and has also been 22 

successfully applied for tremor detection in PD as shown by [San-Segundo et al., 2020; Sigcha 23 

et al., 2021]. These features employ an adapted perceptual-based scale to create a bank filter 24 

that favours sampling the activity at lower frequency components. The feature set is also 25 

scale-invariant to the original signal [Zhao & Wang, 2013], allowing robust tremor detection 26 

irrespective of differences in the device sensitivity to movement, which may arise from 27 

different sensors or slightly different device placement across days. 28 

Heuristics for continuous rest tremor monitoring in free-living conditions with different 29 

degrees of complexity have been proposed as reviewed in [Sigcha et al., 2021; Moreau et al., 30 

2023], which implies choosing among different designing options considering single vs. multi-31 

sensor recordings, different types of inertial signals, multi-modal recordings, different feature 32 

sets and classification strategies. In general, tremor detection performances with AUC > 0.8 33 

[Pulliam et al., 2018; San-Segundo et al., 2020] or accuracy higher than 85% [Tzallas et al., 34 

CLASSIFICATION TASK SENSITIVITY SPECIFICITY AUC 

Tremor detection 0.65 ± 0.18 0.95 ± 0.00 0.91 ± 0.06 

Arm-Activity 
detection 

0.74 ± 0.17 0.78 ± 0.15 0.88 ± 0.06 



2012; Rigas et al., 2012; Mahadevan et al., 2020] in the labelled scenario claim to be 1 

associated with good performances.  2 

Tremor and arm activity detection for the Personalized Parkinson Project 3 

Figure S5 shows a schematically representation of the processing pipeline for obtaining 4 

tremor and arm activity labels in the Personalized Parkinson Project (PPP) dataset. Logistic 5 

regression classifiers for tremor and arm activity are obtained based on labelled data provided 6 

by the PD@Home as previously described (upper processing blocks – Figure S5) and applied 7 

to the same biomarkers extracted from the PPP dataset (MFCCs evaluated on 4 s windows of 8 

gyroscope data without overlap). Raw gyroscope data was cubic interpolated to adjust the 9 

original sampling rate to 50 or 100 Hz, aiming at defining a fixed sampling rate as close as 10 

possible to the original one. The MFCCs features were z-score normalized considering the 11 

average and standard deviation of the attributes obtained for the initial and week 52 (i.e., 12 

around the first and the second clinical assessments) during daytime ([9:00 – 21:00 h]) for 13 

patients with tremor constancy score higher than 1. These conditions aim to match the ones 14 

observed for training the classifier under the PD@Home dataset, while also considering data 15 

acquisition performed by Verily sensors in the PPP scenario. 16 

 17 

Figure S5: Schematical representation for PPP processing steps. Logistic regression classifiers are 18 

trained based on labelled data provided by PD@Home and applied to the same biomarkers extracted 19 

for the PPP dataset after z-score normalization. PPP daily average in the frequency domain is obtained 20 

from circadian wrist-derived measures (probability and severity) aiming at characterizing the rest 21 

tremor fluctuation activity. 22 

Wrist-based tremor variables processing and PSD estimation. 23 

Circadian wrist-based variables were estimated for consecutive 5 minutes windows without 24 

overlap as briefly introduced in the Methods Section. Both tremor probability and severity 25 

were estimated within the daily-activity interval [6:00 – 23:00 h] and smoothed by a 6 point 26 

(30 minutes) moving average filter. Just days with at least 80% of non-missing data within the 27 

interval were considered for daily PSD estimation. Missing data was filled by adjusting an 28 

autoregressive model using 3 hours of preceding data by means of the “fillgaps” function 29 

available from Matlab R2022b library. Each filled daily-cycle for the wrist variables were z-30 



scored in time aiming to obtain comparable daily tremor patterns. Finally, daily power spectral 1 

density coefficients were obtained, and the respective frequency coefficients were averaged 2 

across days. Just patients with overall tremor mean probability higher than 1.4 % were 3 

considered in the analysis. This aims to avoid patients with small spurious tremor patterns due 4 

to false positive tremor detections. This tremor threshold was defined based on the 75th-5 

percentile of the mean tremor distribution for patients with UPDRS 3.17 and UPDRS 3.18 6 

scores rated as 0 in ON and OFF conditions in both clinical assessments under the same 7 

constrains of the medicated group (i.e., taking just levodopa at least 3 times a day and not 8 

taking levodopa agonists), defining a non-tremulous cohort of 37 patients.  9 

 10 
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Supplementary Results 27 

Tremor detection model and agreement with clinical scores 28 

Figure S6 illustrates the agreement between wrist-derived measures - mean tremor 29 

probability and mean tremor severity — and their corresponding clinical scores (rest tremor 30 

constancy, UPDRS 3.18, and rest tremor severity, UPDRS 3.17) based on eight weeks of data 31 

collected around the second clinical visit. These results are consistent with those observed for 32 

the first clinical visit, as reported in Figure 1 (Results Section). Both mean tremor probability 33 



and mean tremor severity showed significant differences when stratified by clinical scores (Fig. 1 

S6(A) and S6(C); Kruskal-Wallis’ test with Dunn’s post hoc correction). Moreover, wrist-based 2 

measures demonstrated significant correlations with their respective clinical scores (Fig. S6(B) 3 

and S6(D)). Specifically, mean tremor probability correlated with UPDRS 3.18 (ρs = 0.49, p < 4 

0.0001, N = 418), and mean tremor severity correlated with UPDRS 3.17 (ρs = 0.40, p < 0.0001, 5 

N = 418). 6 

 7 



 1 

Figure S6: (A) Boxplots for the wrist-estimated average tremor probability stratified into ascending rest 2 

tremor constancy scores (UPDRS 3.18), and (B) the respective dispersion, linear regression, and 3 

Spearman correlation value; (C) Boxplots for the wrist-estimated mean tremor severity stratified into 4 

ascending rest tremor clinical severity scores (UPDRS 3.17) and (D) the respective dispersion, linear 5 

regression, and Spearman correlation value. Data from the second clinical assessment.   6 

 7 



Tremor fluctuation dynamics – Tremor Severity. 1 

The cohorts analysed were independently defined for tremor constancy and severity based 2 

on the response of each respective symptom to levodopa during clinical visits. Table S2 3 

presents the demographic characteristics of the cohorts, focusing on levodopa responsiveness 4 

in relation to tremor severity. 5 

 6 

Table S2: Demographic characteristics of the population, categorized by responsiveness to the 7 

levodopa challenge based on tremor severity. NR represents the levodopa non-responsive 8 

cohort, R indicates the levodopa responsive cohort, and NM refers to the non-medicated 9 

cohort. For each variable (except gender), values are reported as averages ± standard 10 

deviation. LEDD denotes the levodopa equivalent daily dose; H&Y refers to the Hoehn & Yahr 11 

scale in the levodopa OFF condition; UPDRS III represents the total score of the Unified 12 

Parkinson’s Disease Rating Scale - Part III: motor examination in the levodopa OFF condition. 13 

 14 

COHORT GENDER 
(F/M) 

AGE 
(YEARS) 

DISEASE 
DURATION 
(MONTHS) 

LEDD (MG/DAY) H&Y UPDRS III 

NM 9/15 57 ± 12.20 31 .56 ± 16.06 0 ± 0  1.92 ± 0.41 36.68 ± 10.03 
NR 12/33 64.4 ± 7.38 39.79 ± 18.42 486.95 ± 246.9 2.10 ± 0.51 39.93 ± 12.74 
R 8/25 60.79 ± 9.26 42.55 ± 21.1 629.69 ± 267.18 2.06 ± 0.35 42.10 ± 10.37 

 15 

 16 

 17 

 18 



 1 

Figure S7: (A) Individual PSDn (shaded) and group average (thick line) for the levodopa non-responsive 2 

(blue) and non-medicated (green) cohorts estimated from tremor severity time series; (B) Individual 3 

PSDn (shaded) and group average (thick line) for the levodopa medication-responsive (red) and non-4 

medicated (green) cohorts. Peakc illustrates the estimation of the strength of the consistent tremor 5 

fluctuations across days based on patient PSDn peak corrected by the non-medicated average; (C) 6 

Peakc boxplot for the levodopa non-responsive and levodopa responsive cohorts.  7 

 8 

Figs.S8(A) and S8(B) show the individual normalized PSDs for wrist-estimated tremor 9 

probability across the investigated cohorts, along with their respective averages (thick lines) 10 

obtained from the wrist-based severity measure. Both the levodopa non-responsive and 11 

responsive groups contained patients with enhanced frequency components clearly different 12 

from the monotonic decay observed for the non-medicated group as shown in both panels. 13 

The obtained results are like those observed in the tremor probability scenario (Figure 4 - 14 

Results). Once again, the enhanced frequency components occur between 3 and 10 15 

oscillations per day and the frequency peaks are more prominent in the levodopa-responsive 16 

cohort (Fig. S8(B)) but also present in the non-responsive group. The strength of the consistent 17 

tremor fluctuation (Peakc) is significantly higher for the levodopa responsive group when 18 

compared to the non-responsive group (Mann-Whiney test: U = 375, p = 0.007) (Fig. S8(C)).       19 

 20 



 1 

Figure S8: (A) Individual PSDn (shaded) and group average (thick line) for the levodopa non-responsive 2 

(blue) and non-medicated (green) cohorts considering wrist-based tremor severity; (B) Individual PSDn 3 

(shaded) and group average (thick line) for the levodopa medication-responsive (red) and non-4 

medicated (green) cohorts. Peakc illustrates the estimation of the strength of the consistent tremor 5 

fluctuations across days based on patient PSDn peak corrected by the non-medicated average. fD 6 

denotes patient’s dominant frequency in the medication intake frequency range; (C) Peakc boxplot for 7 

the levodopa non-responsive and levodopa responsive cohorts.  8 

 9 

 10 

 11 

 12 



Table S3 shows the pairwise correlations between key clinical aspects and Peakc evaluated 1 

based on tremor severity. In general, the exploratory analysis agrees with the results observed 2 

in the tremor probability scenario, in which Peakc significantly correlates with UPDRS 4.3 and 3 

LEDD variables.   4 

 5 

Table S3: Spearman correlation between patients’ clinical variables and the Peakc evaluated 6 

from the individual tremor severity. Significant positive and negative correlations are 7 

highlighted in red and blue, respectively. Resp: clinical tremor responsiveness to levodopa 8 

medication; Wearing OFF Quest: tremor improvement with medication - Wearing OFF 9 

questionary (yes: 1; no: 0); UPDRS 4.3: time spent in levodopa OFF state; DD: disease duration 10 

in months; LEDD: Levodopa equivalent daily doses (mg); Age: patient’s age in years; ArmActv: 11 

mean arm activity probability; PaidJob – patient paid job activity (yes:1; no: 0). P-values were 12 

adjusted for a false discovery rate of 0.05 according to Benjamini & Hochberg, 1995 13 

procedure. 14 

 15 

 16 

As observed in the tremor probability scenario (Figure 5 – Results), the correlation between 17 

the fluctuation strength of the fluctuation and LEDD is primarily driven by the subset of 18 

patients experiencing OFF states (symptom fluctuator cohort, UPDRS 4.3 ≥ 1) as show in Fig. 19 

S9(B) (cohort in orange).  20 

 21 
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 23 

 Resp 
Wear 
OFF Q 

UPDRS 
4.3 

DD LEDD Doses Age ArmActv PaidJob Peakc 

Resp  -  0.22  0.25  0.15  0.41  0.12 -0.06  0.04  0.00  0.36 

Wear OFF 
Q 

 0.22 -  0.26  0.02  0.29  0.18 -0.27  0.02  0.22  0.24 

UPDRS 4.3  0.25  0.26  -  0.11  0.48  0.40 -0.24  0.17  0.10  0.43 

DD  0.15  0.02  0.11  - 0.47  0.16  0.11  0.04 -0.15  0.33 

LEDD  0.41  0.29  0.48  0.47 -  0.47 -0.11  0.15 -0.21  0.41 

Doses  0.12  0.18  0.40  0.16  0.47 - -0.18  0.27 -0.06  0.25 

Age -0.06 -0.27 -0.24  0.11 -0.11 -0.18 - -0.12 -0.65 -0.10 

ArmActv  0.04  0.02  0.17  0.04  0.15  0.27 -0.12 -  0.02  0.14 

PaidJob  0.00  0.22  0.10 
-

0.15 
-0.21 -0.06 -0.65  0.02 - -0.06 

Peakc  0.36  0.24  0.43  0.33  0.41  0.25 -0.10  0.14 -0.06 - 



 1 

Figure S9: (A) Levodopa equivalent daily dose (LEDD) vs. the strength of the consistent tremor 2 

fluctuations across days (Peakc) for the medicated cohort evaluated from tremor severity in the 3 

levodopa constancy responsiveness scenario. Outliers were excluded for both variables. Spearman 4 

correlations (ρs), p-values (p) and number of samples (N) are shown in the panels. (B) LEDD vs. Peakc 5 

dispersion considering further stratification into symptom fluctuator (UPDRS 4.3 ≥ 1) and non-6 

fluctuator (UPDRS 4.3 = 0) groups. 7 
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Peakc clustering and dominant frequency relation with the number of medication doses  1 

Figures S10(A) and S10(B) show, respectively, the dispersion of the consistent tremor 2 

probability fluctuation strength (Peakc) and its unsupervised (k-means) clustering into groups 3 

of higher and lower tremor fluctuation strength (or signal to noise ratio, SNR). Outliers of each 4 

group were excluded in the analysis. In this case, the dominant frequency of the fluctuation 5 

activity significantly correlates with the number of levodopa doses for the group with higher 6 

SNR (ρs = 0.46, p = 0.03, N = 22), suggesting a medication-dependent modulation when 7 

representative tremor oscillations are present. Similar panels are show for  tremor severity 8 

(Fig. S10(C) and S10(D)), in which no such correlation was observed (ρs = 0.11, p = 0.65, N = 9 

20).   10 

  11 

Figure S10: (A) Dispersion of the patients’ PSD ratio peak (Peakc) evaluated from wrist tremor 12 

probability considering the clinically rated levodopa non-responsive and responsive groups 13 

(outliers excluded); (B) Best k-means Peakc clustering solution (N = 100 runs) for identifying 14 

patients with higher consistent tremor severity fluctuations across days. (C-D) Similar panels 15 

for tremor severity fluctuations. 16 
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